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Abstract

< . ~

o Analysis of covariance is often eonceptuarlzed as an analysi

P

of barlance of the resldualrscorés that aré obtained when the

dependent Varlable is regressed or: the covariate: Although this
conceptualization is 1ntu1t1vely appeallng, 1t is mathematlcally

1ncorrect* 1f re51duars are obtalned from the pooled w1th1n-

groups regre551on coeff1c1ent (bW), an aqa1y51s of variance on tﬁe

res dua i ' esults in an Inflated a-level. If the regress’on

used ANOVA on the re51duals ylelds an 1nappropr1ately conserva- ;
tlve test..: In ei -her-Ca565 analy51s of variance of residuals falis
7~ ’ . - . ’ -
to pr0v1dé é‘eorreét test, Béééﬁse the fgﬁificance ieSt in anaty-
f ;

sxs of covarlance requires conSIderatlon of both b and b ; ‘unlike

LI - -

. a'alysi o?gre51d' 1s It is recommended that the 51gr1f1cance

CQa




AH34V5¢5 :0f covariance. (ANCOVA) tends to be one of the most mis-

::

understood and m*sused statlstlcal technlques partly betauee is
'Irequlres a. synthesrs of muitrpie regre551on/corre1at10n (MRC) and S e

"1ana1y51s of variance fANOVA) concepts. One .commonly employed. method

of explainlng how ANPOVA relates to MRC and ANOVA 1s to make use of
tne concept. of a resrduai S$core. ANCOVA 1is presented as an ANOVA on
“the residual scores that are 6Btained ﬁhen the.dependent variable is
_re§fe§§éd on the covariate. :For'eXahpie; Marascuilo states that "Co-

‘varlance_adgustmentmls ~equivaientto pro;ecfing the earned score [the

dependent Var;able in his exampiej in a direction para*iel to the
regréséiéﬁ line to the;IQ score [the covarizate in his example] deflned
at X [ﬁhére X is the grand mean fer the covariatéj This parallel

of variance is then performed on the adJusted scores"™ (1971 p; ﬁ99).i
. - l“
This sort of explanation of ANCOVA can be found in many, if not

most, of the standard sourcebooks on statlstlcs used by social sc1en-'-

tlsts.' To cite only a few Snedecor and Cochran state that "The

‘analysis of covariance is essentially an ana1y51s of variance of the

quant1ty~gY-bX)" (1967, p. 423y . Cohen and. Cohen say that "fhemﬁéﬁ

[ANCOVA] 1nvolves the analysis of (the resrduals of) Y when one or -

¢ .

more. other variables (the covérrates) have been part1a11ed out. c oL

e

In ACV the re51dua1 that is analyzed is. X - YA for each subject . .:.h‘

1n exactly the same way as Y 1tse1f is analyzed in AV EANOVA]"

(1975 P- '308}“_chord1ng “to the SPSS” manualf "Regressron proced-

- ures are ueed to remove var1at10n in the dependent varlable due to

——— . - ]

one or more covarlates, and a conventlonal ana1y51s of varlance is

- tnen performed on the corrected' scores" {Nle, Hull, Jenklns; Stein-

~

"-brenner;' and Bent, 1975, p. 409). Similar statements can also be

-

R T




zna Psdhazur (19/:, pp 266- 767), and £1ndqulst f1953, p. 38).
Puwever, 1t is weii inown by these authors and others that ANCOV?&

and an analysvs Uf variance conducted on the re51duals (hereafter

called AMORES) will be sllghtly dirferent;because_one degree of
freedom is used to estimate the slope of the regression line of the
R deﬁendent variable on the covariate. Thus; without this adjustment

in degrees-of freedom: the error teri for ANORES wouid:haxe_one————————

.it seems that ANCOVA and ANGRES shoula be 1dent1cal In fact how-
'évér they are not Identlcal even after the degree of freedom adJust-f
ﬁéﬁtc The commonly held beiief that they are the same is a reflec-
tion of the lack of unéérStanéing 6% the ANCOVA model:

usxng 1east §dﬁéré§ (see, for example, Cramer, 1972) to explaln wty

_ ANCOVA and ANORES are indeed different. Viewing ANCOVA s a com-
parison -of models con51derab1y Illumlnates the loglc behlnd AVCOVA

A numerlcal exampleélllustratlng the general pr1nc1p1es will also

be presen;ed . -
- The analysis of covariance test of group differences cam be = -~
conceptualized as the comparison of the following two models
I+ Y33 =+ ay + BXy5 +eij o

‘II. Yij

Wt BXjj *oesj - (@
where Y*j is the scére on the dependent variable of the ithfsubjéet

in the jth group,u is a grand mean parameter uJ is a varameter

cient, Xjj is the score on ‘the covariate for the 1th subJect in the_

i




(V3]

is an error term ror the 1th subject in the

jth group, and ‘Eij

Jth,group The modeié'are compare& by using least squares 'to eStii
mate each parameter in each,model and then.comparlng the error-éum
_ of squares (SSE) for the‘two models.. With the usuai ANCOVA assump-

tions (ééé, for.example, Glass, Peckham, and Sanders, 1974, or

-

— — =

'Eiashoff— 1965), the follow1ng expre551on has a central F &1str1bu-

‘tion w*th k-1 and N-k- 1 degrees of freedom if the null hypothe51s

of_no,treatment—effects*15 “true (k is the number of treatment groups,

°

and N 1% tne total. sampie 51ze) : ' ' H

(SSE (II) - ssc I))/(kﬁ;) 3)
SSE (I)/EN k-1).

The mode} comparisons approach nakes clear that the F test 1n

ot

ANCOVA is a functlon of the extent to whtch scores on the dependentv
varlable can be more accurately prealcted if group. nembershrp is
known than,1f it is not where predrctlon 15 performed in - both

models by usxng 1east squares. of cruc1a1 1mportance later in our

argument 1s the est1mat10n of B in mo&eis I and II. A common:miéi
o _

conception is that since both models coatain a B parameter; the

least Sﬁ&éres estimate of B in model I Will be 1dent1ca1 to the

1east squares estimate of B in model iI; -However in model I the
est1mator 1s bw, the poc;ed wrthin groups regre551on coeff1c1ent for°

Y regresse& on X, whlle in model II the est1mator is bT’ the.

regression coeffrc1ent for Y on X for the enttre sample of obser- .
vations comblned 1nto one group. In the absence .of group member-

sh1p parameters, optimal pre&lctron is obtalned by u51ng bT as the

P 6
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but a common . siépe of Y 6n X is assumeaé’6ptimai~brediction is . -

: the correspondlng B parameters. be1ng estlmated (i. e., B in- EQUatlons

1 and 2, respectlvelyi‘are themselves unequal unless the‘nuil

N - e

" hypothesis is true or assignment to gioups is random: ~This can be

" -

seen by thlnklng of _the ANCOVA-models as regressxen models and
‘\< reallzlng that the Value or a parameter remalns unchanged ‘when

\another parameter is added to the modei if and only if the second

parameter equais-zero or ‘the variables associated with the parameters"
~-are uncorreiated. If the null hypothesis'ig'true5 the &; parameters

in model I will be zero and hence the B parameters 1n modeis I and
-.ff*Wiii be éqeai; If 3551gnment to groups 'is random, the X varrable'
J

Varlables and hence the population regression coefficient associated

e . -,

wiil be uncoxrelated 1n the ﬁéﬁﬁiatién with the a; group-membership.

with: X will be ‘the same in hbth ﬁi’o’ééi’sg Of course; even if one or

‘equal, ‘the varues of BW and by w111 almost certalnly d1ffer because

o~
[T N,

of saqpllng srror.
,5

T“f* Certaln authors (e g., Wlner, 197i pp. 763 764 ‘see aiso Evans

the two parameters is an assumptlon of. the anal y51s of covarlance.

& O

1

stltuted and hence the two B. parameter values are equa

._n [

ThlS d15t1nct10n between bW and bT, as well as’ the. 1ntroduct10n.

cf hﬁ; the between groups_regressxervof Y “on f.s; often is difflcuit




=
to explaln when relyrng on extensrona of the ANOVA approath and-

_.\

~ hence contrlbutes to. the confusron surroundlng ANCOVA In contrast;

« *

- the model comparisons” approach making the utilization of least
squares explicit shows why it is necessary-tg define ‘both by an&-_BT_

in order to discuss ANééVA; However; by is not a least squares

estlmator of a parameter in any mod=1, and seems to be of limited

.‘dents,and classrooms; in Whlcﬁ case bg may be=of 1nterest. Por
furthér éiscﬁSSioi* see Bursteln Linn, and Capell (1978)

ANGRES can also be conceptuallzed 1n terms of model compari-

~

sonS* One v1rtue of this approach 1s that 1t nece351tates exp11c1t

4'con51derat10n of how the resr&uals are to ‘be obtalned bégause

_e1ther_'_bW or bT could be used to deflne a residual score. Cohen and

-

Coheén (1975, p*'368)'havelargoéd*that B~ should’be used. However

because none of the other prevrously referenced sources have stated

wnlch coefficient shoui& be used we w111 examlne both, beglnnlng

A

: w1tn b q° Tﬁe re51dua1 score for the 1th subject in the Jth group

_;N can then- be,wrltten as Y, J'vrwa And; the mo&els compared by
ANORES may then 6e written '
Hzf_?ﬁ;-%ﬁj au*f%'+éﬁ_, SR @3\
| Iv. .Yij - walj = _u_?% €15 N 5] « :
The 51gn1f1canee test is again obtaxned by comparlng the error sum L
of squares for tﬁe two models as folloWS' - : -z' _,;,:
L Ee - C(SSE_(1V) - SSE_(IIIJJ/(k‘l) "" ““(;) o

-

_-;_-___’:-,>.«_—-~. L. sSE (HI)/(N k-1).. . L T

The term N k 1 appears as the denomlnator degr es of fréé& m because

8 has been estlmated to obtaln the re51dua1 scores.

o o
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e

;1n.turn equals (see.Klrk 1968, p 4643J-';i;f—

6

-
)

to that 1n Equation 3" from. ANCOVA, ‘which tra” lates to. how the errorS"”

assocxated nlth the models compare. Flrst, consrder tﬁe relationship

between models I and ITI: It can be shown that SSE(I) eQUals SSw

—_— —~——— T

for ANCOVA, 1.e., the ad;ustz},W1th1n group sum of‘squares Which;—/ -

- M-

- ss; E'iity,. - Y )2 - b WZ ZE(X 43? j)? . (7)

P

o

‘The error sum. of squares for model III is given by SSy .on the

dependent variabierY 3 - bWX13 ‘Since h., ;\"\ o
= SSE(III) = zzcyij - waij - (Y '.waiilf SO et
P ‘ o - x
B . — = oy g \
by = PRyt Xy (G5 - Y5 CAIR .
'~- .72 ] . , . ) , 4,7
L R ; L
algebraic nanipuiation'iééag to
 ceRrTTTY ﬁ' 7777'7’.: - o4 :727 - 77,,27 77,7:7;_: - : ,"2 ‘ . :
| SSE(III) - EE(Y; Y )_ by 2Z(Xij - X.3) (1o;ré“ﬂ£:;;;:Ti
Coo= L SSE(D). . erne -

’"””Eonéi&ér néit the relatlonshlp betwebn model II and model IV: vInE

'squares: This estlmate is given by o TR

model 11, estlmates fOT u and B are arrived at so as to minimize - f

the error sum of squares for such a two parameter modeI’ In model

IV however, Bw is fIxed, so that only H is estlmated through least

— R o -'Bw'x- A ¢ t5 I

L

~~:¥f’ﬁﬁ§E'Be the case that SSEf;V)A> SSE(II);"because 1east squares

for model II could always "ehoose" ﬁ to Be as 1n (11) and B = bW,

duplicating the estlmates of model IV; otherw1se, the estlmates of

— S °

i
)

. a
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mode1 II wxll dlffer and- prOV1de a better fit to the data, yreidrng

"a smaller error Sui of ‘squares; sxnce this 1s preC1sely the goal of G

the i as quares procedure /Reference to the formulas for the F

: test,rn;ﬁNCOVi (Equatlon 3) and kNORES (Equation 6) reveais that the

observeé’? -ratio for ANORES must be at- 1east as large as the F for -

* ANCOVA, Sa;n?’é SSE(I) = SSE(III) but SSE(IV) > 555(11) The extent

of Lﬁe dlscrepaney w1ll depend on the extent to which bw dlffers

from DT, 51nce it can be shown that’

T REEIIYY I RREFTY 4 M. wi2  moau. . m w3 .
I SSE(IV) = SSE(II) + (by-b £2(X::=X )% - - !
| > ( );.. ( .9_ 'E;w T3—_ ( "1j --) (12)

This relatlonshlp shows that ths test given in Edﬁétioﬁ 6 1is .

not a lagltlmate F test, because the sampllng distribution of the

statlstlc differs systematieaiiy fnpm the sampllng dlstrlbutlon of .

.

. the pr0per teStéstatlstlc. The reason that EQUatlon 6 1s 1nappro~‘j;
prlate is that the numerator expresslon is no;—dlstrtbute ~as a .

Te with k—1 degrees of freedom-_ Th1 is

.chi- sqpare random:varla_

PRSI

o obV1ous since SSE(IV) - SSE(II*) is systematlcally larger tnan

of freedom.#wﬁence, ANGRES—EsIné bw.to, /*ff’

w0

h1 sqaare w1th k-1 dég'éé e

—— —_

'l,lobtaln,resrduai scores wrii 1ead tc an 1nflated—u level, and is

—— R . . - .

certarnly not equlvalent to ANCOVA.

Althopghﬁthe use of by to obtain residu 1415 does ot repro&uce
7

‘,
E

AﬁﬁﬁVA;:it is aiéo'péssisie to perform ANGRES u51ng b to obtaln

° residuaisé_ Perhaps it is this form of ANORES that preV1ous authors

”

' fhave had in m1nd when they have wrltten of the equivai e”ee between*

. - - —

ANCOVA and ANORES. It should be noted that thisoappﬂoacﬁerS'often
,_————f*f"”"

AN —
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{

_Wlth th1s method of formlng restﬁual séofes; the &eﬁeﬁdeﬁt Farfablé -

- for the 1tg'sub3eex in the jiﬁ,group is Ylj'- bTX 5 'ﬁodeis'to-Be
' Compared are then: ) o ; , |
Vi Y35 ‘.BTXi_jf: u i-.izj + €35 T a3 -
VVI-.- ij 5 bTXij = u':'-i-;_ 813 . s - . (14) : __:_ "

Once again; we: mrght perform a 51gn1f1cance test by conparlng the

-

error sum of squ%res for the two models as

-

gsSE(VIJ -’§SE(V))/Ek-1) - /f o ._(15)
SSE(V)/ (N-k=1) =

i)
o
i

/

B As before, N 1 l appea;szln’tﬁ”aenomlnator beeause B nas been

;d/f}nciude BT as—tﬁe-slope va}ue and_u = Y..—E brX.. in both cases:

s - —

:ssétVij = SSE(I1): - : . "5-(163

,///Cun51der next the relatlonshlpfbetween models I and V. In model I

estlmates for u, aJ,‘and B are chosen so as-to minimize the sum of
$ .
squared errors, by tﬁe deflnltlon of 1east squares. In mo&el V_

least squares estlmates-are obta1ned for 1 and ai subJect to the

3
constralnt that 8 T; However bw is the least squares est1mate
and therefore must lead to. a2 minimal sum,of~squared errors.- ﬂéﬁée;'
- S /"//// . ) _‘
SSE(,1/>/SSE¥I) 7 - : (17)

s

to the &Ifference between bW and bT ~In partlcular

SSE (V) SSE(i) s (bw Sbp? £E(X33-X. 5;2,_ _-_fiéj

s

11, v, ana ‘

the eztent of the difference 1n errcr sum of squares 1s\reia;ed
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e

ﬁeferriﬁg to Equations 5. and 14 §hoW’= that the Y'F, value" obtainet

l

by u51ng this appro//h to ANORES must result 1n a vaiue that is
; léss than or//quai to the F obtalned with: ANCOVA with equallty
'.hoialng only if by = bTQ Thus,“ this form of ANORES _also fails tc
,/ﬁg/equ1va1ent to ANCOVA and faiis to provr&e a valr& F test;, for
much the same reasén as did ANORES W1th bW.- With the bT approach
~-ﬁowever nelther the numerator nor thp denpmlnator have the chi

square dlstrlbutlons neceseary to make their ratio an F random

variable. | ' ? 7“ 5 S <

Thus, clalms that ANORES and ANCOVA are equlvalent are false
whlchever approach to ANORES 1s employed The fact that mo&eis I
and-III are equlvalent and thatVII and VI are also equlvalegt‘
suggests - that it is: possrbie 16 dupllcate the ANCOVA test by exam
ifiing residuai scores ] Spec1f1cariy, ‘the foiioWing“teSt’ié equiv
lent to the ANCOVA test: o h |

o - = (sss(VI) -ASSELlil;}iLKSELf ; fi§j ’
- B sss(III}/(N k-1) ‘ 3 |

The cruc1al fact is that ANCOVA depends upon both by and bT’ and
’coasequentiy s6 must an equlvalent analysis of re51duals ;t.is

‘ Y

insufficient: to attend to only one regre551on eoeffrcient ﬁs~
“'stated preV1ously, we belteve that thls is one of - the least undet
_stoo& pornts concernlng ANCOVA Only by close 1nspect10n of,mode

and the least squares pr’nc1p1e does the logic underlx1ng~the.reg‘
. sion coefficient. parameter become ciear. _ |

A numerrcai example wrii demonstrate the theoretlcal argumen1

-

concerning the relatlonshlp between ANCOVA and nNORES ;Eonsrder 1
- /';{
’.hypothetlcal data givern- 1n Table 1  The error ggm,offsqﬁireS‘for




- e . . - . o ) . -

< . the six mééé}s previously outlined are ﬁré’éﬁiéd in'rébie 2 Yor

- 2

e g
. _tﬁese’data and Table 3 presents analy51s—of~var1ance tables for

e o e

_ o _,_,. ~\- : rY . . n :”_

Insert Tables 1, é;'s;_apa;4 about here

- - e e te e e = e w e e e e e e = -
v

"F" obtaine& with ANORES using bw to form re51duals is too large,

wnlle ‘the "F" when - bT is used is ‘too small. Tnls exampie 111us—

trates that even when the two groups being coﬂpared ﬁaVe 51m11ar‘

_dlstrlbutlons on}tne covariate the use of bw alone\can lead to an.

incorrect conclusron of statlstkcalw91gntf1cance at” the 05 level.”"

e —— T _

= ~With dlfferent data, the USe of'ET alone mlght result in a fa ure

to recognlze an apnroprlately-srgnifxcant tesult: For example; by

F : .
'51mp1y revrsrng the &ata from the flrst example by subtractlng 4 7
- from each X séoré in group 2, the results of the ana1y51s would be -
o s . T ETTEE Ty aEEERe ]
5 'i-*"shown ifi Tébléi4 Note ‘that here hhile the approprlate AgCOVA

ﬁy:eids a_ resuft that 15 51gn1f1cant at E <. 05 results of the ANORES

ith- Bw are: 51gn1f1cant at P <. 025 but the ANQRES—WIth" TIIS ﬁoﬁ-

';?51gn1f1cant p->. 10. In,£act"/he F fer ANORES bT is less tﬁan

£ /':-T/ Q

- . / . . 3 N . -
;_half that For ANORES bw. .;;:;. o

':f-i Eaifioﬁ, it i§ 50551b1e to dupllcate the ANCOVA~results by

& . )

,gﬂffs-and 4 ANORES w1th bw yields the correct a&Jnste& SSW, and ANORES

;{‘witﬁ BT y1e1&s the correct adJusted SST. Thus, Equatlon IQ prOV1des

. a ratlo:gf_the AdJusted ﬂean Square Betueen d1v1ded by the AdJusted .o

S o= o

v Mean Square/W1th1n,_as 15 deslred . . qf;

e

° -
e -

Several .authors of expcr:mentalj&éiiéﬁ,iéxﬁgfgfiie;thai the

[
y.
|

hd

e e, . ... . . . te ) N . ..

e ) : .- Lo ] o . . . ; . _. . . .
ERi(:;/’/ f.# . e ey 3 . L TR . C DR

Char L T S R . . : A : A L
PRroi o povies o enic I AT s - . . . el h— us .- e S e o . =
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adqusted betkcen -group. sum of squares in XNCOVA is obta1ned by sub-

<

tractlno the SSy for re51duals -USing-- bw from the SST for re51duals

s o

"using bT, 1nstead of by d1rect calculation. However, the actual

b_'reaSOn for the nece551ty of this: approach has not been c1ear1y eluc1-

“‘dated by beﬁav1ora1 stat15t1c1ans. For example, Llndqulst states

"est1mate (bw) of ‘the regre551on coeff1c1ent employed,cand nouldfmake

_ . , —

v

be d1rect1y computed as_' CY" wXi 2; using the within-groups régr——:

»51on coeff1c1ent; However, an adJusted sum: of squarés for between-

-
RN

the between groups effect appear more. 51gn1f1cant than 1t really is™

{1953, p. 323) Although Lindquist's concluslon‘is correct“ the cruxf'

of;the matter is not 51mp1y the nature of the bW estimate, But 1nstead

- ‘the use of”bw alone 1nstead of bw an& BT together as deta11ed above.i

In a somewhat 51m11ar ve1n,_1t has been stated Esee,»for example,

~—’—‘~—ﬂ—d the: denomlnator of the F ratio. because thlS would v1olate the -

1ndependence condltlon necessary for an F ratlo Whlle the numerator'
and denomlnator must lndeed be 1ndependent the current argument~

shows that thls use of by to obtain an adJusted;sﬁm of squares between

| groups also falls ‘even_ to prov1de a numerator quantlty that is dls-i

tr1buted as-a chi- squaref .

In addltlon to explalnlng why the use of- bh alone results 1n -

an Inflate& and 1nappropr1ate1y dlstrlbuted between -group sum of

»

squares, the current approach also makes clear tﬁe dlfferent roles )

.of by and bT This dlStlnCtIOH between bW and bT has been w1de1v )
nlslnterprete& (see, for example, Cohen & Cohen, l§5§j‘r In con- S

~\.. - Ly
. =

_trast to L1ndqu1st and hlrk Cohen and Gohen err by recommendlng



ja—y
N

i .
a4

use of bﬁ alone, saying that to use bm hould result in remov1ng

~from Y, 'in'part—'exactly what we mean to study" (1975 p. 308)
Although use of bT does Tesult . in a lower adjuste& SSB than if bw
alone were used, use o‘bbf in the restrlcted model should not be N
..; v1ewedla5"rémoVing part of ‘'what we mean . to study." Rather, 1t‘
gives the regtrictéﬁ modei. a falr chance in that it allows the
estimate of ‘the regress‘on parameter to be an- optlmal least sqaares
bestlmate,'as bw is in the fuil model - |

In sum, although the concept of res dual score can be a useful

LN

-———-—pedagogtcal‘tool for explalnlng the log1c of. ANGOVA it has typlcally

L3

.not been utlllzed accurately. A correct SSB can be calculated by

u51ng re51duals, but only by consrderlng both” bT and bw, ‘and hence-

at least 1mp11c1t1y consr&erlng two sets of re51d 1 . In terms of ~

~

AdJasted ssB = SSE(VI) - SSE(IH) : : (20)

- However thls e11m1nates much of the. 51mp11c1ty of the 5951dual

and ANORES using bv Inttead of relylng on ANGRES to explaln ANCOVA
- an approach utlllzrng model cqmparlsons and least squarés clarIfI€§—ff5
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" Table 1

Hypothetical Data to Illustrate

 ANCOVA - ANORES Relationship
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- 1

; .. - " Analysis of Variance Tables:

e i : . . - . N . Y

Source ~  'sS§

|8
&
f¥rs

- ANCOVA . Between  60.4

1 -

S . . e =
- ANORES. ___Between. . T65.3 ———F-—6573 53%.

with Bﬁa}' . Within -’ 118.3° -gb 12.3 e

LT : :

df - = 9 because of the estimation of
- .~ "B in forming thE_residual-:

L .

ol
=
|
[}

.09 for these data.
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R L Table 4

Analy51s ef Var1ance Tables.

for ReVISe& Example ”‘

Y

R . Source ~ss af 5,Ms;'; E
" ANCOVA - Beti'\ééh T 64.3 1 64 3 _S.2RE =

I
e “”Wlth b% T Witﬁiﬁ': . 110.3 -9 J12.3.
| Total  ** _ 200.0 - 10

[ ! . . B I
- ° R R . - ———

—— e

— ———-—"—"‘_ B —‘—’——__"’_’__,_,. ] ~ B -~
_______Aﬁokes———~—~—'“3et“een' - 46:1 1 46.1 3,20
w1th'b - Within 128.5 ;27'- - 14.3
. Total - “174.7 10 .

- - . 7\.

a T

0 éfw =39 because of the estlmatlon of - ; e
B8 in- formlng the re51duai R - R

S S “7;.'5 JB;Ol.for these dété :




